INTRODUCTION
Drying as a process is very complicated from the perspective of changes taking place in the dried material. Disadvantageous changes in the quality of the material frequently take place during the drying. Such changes include: crystallization or a change of the crystalline structure, shrinking, caking, loss of aromas, hindered rehydration, disappearance of plasticity, changes of shape and size (cracking, corrugations, holes) . Drying also causes both disadvantageous chemical changes such as a reduction and loss of activity of reagents and the break-up of certain chemical compounds. Disadvantageous biochemical changes also take place during the drying as a result of irreversible biochemical reactions such as the oxidation of lipids, protein denaturation, Maillard's enzymatic browning, oxidation (inactivation) of vitamins or the disintegration of microorganisms and biomolecules (Sacilik and Elicin, 2006) . The key issue in the drying of raw materials turns out to be in the selection of parameters of the process, not only due to energy intensity but also due to the final product quality.
As a rule, the use of convenient food requires its hydration. Rehydration is a complicated process aimed at reinstatement, by way of contact with water, the features which the dried material had prior to its pretreatment preceding the drying and the drying itself. Three main processes taken place simultaneously during the rehydration: the imbibition of water into the dried material, the swelling and the leaching of soluble compounds (sugars, acids, minerals, vitamins) . The progress of these processes depends on the features of the raw material, conditions of both drying and pretreatments processing the drying (Lewicki, 1998a) . Other important aspects to be considered include the dehydration kinetics, structural properties such as apparent density, specific volume and internal porosity (Krokida and Philippopoulos, 2005) . The progress of the rehydration process reflects changes that have been in the raw material tissue as a result of the drying, pretreatment, and also as a result of the rehydration (Lewicki, 1998b) . These changes cause the dried product does not achieve the features of the raw material as a result of its rehydration, and shows the irreversibility of drying (Krokida and Marinos-Kouris, 2003) .
control, synthesis and optimization of systems (mechanical, electronic), game strategy, data analysis (fitness, modelling), production management and engineering (Cagnoni et al., 2007) . They frequently interoperate with other artificial intelligence methods: artificial neural networks (ANN), fuzzy systems and data exploration. Morimoto et al. (1997) used ANN and GA to control fruit storage process. The authors indicated the need to apply a hybrid system for the selection of input parameters such as (temperature, density) and output parameters such as (colour, mass loss, hardness) to improve the stored fruit quality. It was also noticed that the complex system of artificial neural networks and genetic algorithms is superior to traditional computational techniques used in problems related to agriculture.
Most optimization studies in food engineering refer to single-objective optimization. Only a few authors apply multi-objective strategies in such food processes as: drying (Olmos et al., 2002; Shahraki et al., 2014) , thermal processing (Chen and Ramaswamy, 2002; Sendín et al., 2010) , bulk-grain handling (Thakur et al., 2010) , baking (Hadiyanto et al., 2009) , roasting (Białobrzewski et al., 2009; Goni and Salvadori, 2012) , frying (Amiryousefi et al., 2014) .
In the literature reviewed to date, there are no works regarding the optimization of drying and rehydration processes with the use of GA. In this context, the aims of this work were to investigate the effect of drying and rehydration parameters on the quality of rehydrated apples and to optimize these parameters based on quality of rehydrated product.
MATERIAL AND METHODS

Apple
High-quality Ligol apples bought at a Warsaw market were used in the research. Their initial moisture content was ca. 85% w.b. (5.7 d.b.). The raw material (apples) were washed and cut into cubes. The thickness of cube amounted to 10±1 mm.
Drying
The raw material (apples) were dried using the following methods:
• Natural convection in the dryer (KCW-100, PREMED, Marki, Poland) (Górnicki and Kaleta, 2007) , the drying air velocity (V) amounted to 0.01 m⋅s -1 , • Forced convection in the convective dryer (constructed in our laboratory) (Kaleta and Górnicki, 2010) ,V amounted to 0.5 and 2 m⋅s -1 , • Fluidized bed drying (in the dryer constructed in our laboratory) (Kaleta et al., 2013) , V amounted to 6 m⋅s -1 .
The temperature of drying air (T d ) amounted to 50, 60 and 70°C.
The drying lasted until a constant weight for the dried material was attained. The final moisture content of dried apples was ca. 9% w.b. (0.1 d.b.).
The drying process was conducted in the given conditions at three independent experiments. The dried material (apples) was mixed and stored in a tightly sealed container for about one week at 20°C. The tightly sealed containers with the dried material (apples) were stored in a cupboard so that the ones were not exposed to sunlight.
Rehydration
The rehydration process was carried out in distilled water at temperatures (T r ): 20, 45, 70 and 95°C.
Rehydration lasted from 6 h (for T r of 20°C) to 2 h (for T r of 95°C). The ratio of weight for the dried material to that of the rehydrating medium was at 1:20. The medium was not stirred during the rehydration process and its temperature was kept constant. The initial mass of the dried material subjected to rehydration amounted to ca. 10 g.
Mass
The WPE 300 scales (RADWAG, Radom, Poland) were used for the measurement of the sample mass. Experiments were made in three replicates. The maximum relative error in the determination of the mass of the material during rehydration amounted to 0.1%.
Dry matter of solid was determined according to AOAC (2003) standards. The measurements were conducted for the dried material and during rehydration. The rehydrated material was overdried before the determination of the dry substance content. Measurements were made in three replicates. The WPE 300 scales (RADWAG, Radom, Poland) were used for the measurement of the dry matter mass. The maximum relative error in the determination of the mass of the dry substance amounted to 0.1%.
Volume
Determination of the volume was carried out with the use of the method of buoyancy in petroleum benzine (Mazza, 1983) . Measurements were conducted for the fresh material, dried material and after rehydration. Measurements were made in three replicates. The maximum relative error of the volume determination calculated with the exact differential method amounted to 5%.
Colour
Fresh apple cubes and rehydrated samples were scanned using Canon flatbed scanner (CanoScan 5600F).
Acquired colour images have been loaded into the sRGB colour space. All built-in procedures for automatic image quality improvement during scanning were suspended. Colour was expressed as mean brightness of pixels in each RGB channel of the sample image. Means calculated for RGB were converted to CIE XYZ colour space relative to D50 reference white. Then XYZ colour parameters were nonlinearly transformed to CIE Lab coordinates. Reference values for XYZ, corresponding to illuminant D50 and the standard observer of 10°, were 96.72, 100, and 81.43 respectively (CIE, 2004) . Colour parameters specific for CIELCh colour space i.e. C (chroma) and h (hue angle) were additionally determined (Schanda, 2007) .
Optimization problem
The case study for optimizing the drying and rehydration processes and the method of solving associated problems are presented below. It was assumed in the optimization task that parameters influencing the quality of the product obtained in the drying and rehydration processes are the basic parameters of these processes: T d , V and T r . It was also assumed that the quality of the obtained product is defined with the use of its colour, volume, moisture content and dry matter content because the objective of the presented research results is to indicate the possibility of the use of neural networks and evolutionary algorithms and tools applied for the optimization of the discussed processes.
Quality analysis
Colour difference (CD).The colour difference was calculated according to the formula, given by Witt (2007)
where S L , S C , S H are the weighting functions used to adjust internal non-uniformity of CIELab colour space and were determined based of Eqs. (2)-(4)
K L , K C , K H are the parametric factors that describe the effect of change from reference conditions. For reference conditions, all of them are set at 1 (CIE, 2004) . ΔH*, ΔL*, ΔC*, correspond to the differences in hue, luminance and chroma, calculated for tested ( T ) and standard ( S ) sample. These indices may be determined using Eqs. (5)- (7) ∆
Volume ratio (VR). Volume ratio (%) was calculated as
where V f and V r are initial volume of fresh material (before drying) and final (after rehydration) volume of apple (m 3 ), respectively.
Water absorption capacity (WAC). The water absorption capacity (WAC) index was determined using formula (Lewicki, 1998a )
100 100 100 100 0 0
where M is the mass, s is the dry matter content (%), and subscripts d, 0 and r refer to dry, before drying and rehydrated, respectively.
Dry matter loss (DML). The formula given by Levi et al. (1988) was applied
where M dmbr is the dry matter before rehydration and M dmar is the dry matter after rehydration (g).
Modelling using neural networks
An Artificial Neural Network (ANN) consists of simple synchronous processing elements inspired by the brain's structure. Generally neural network consists of following parts: inputs, outputs, weight vector, add function, and transfer function. The neural network is comprised of three following layers: input, hidden and output layers. The input layer consists of all the input factors and informations from this layer are processed in the hidden layer and next the results are obtained in the output vector (Okuyucu et al., 2007) . In the present work, feed forward ANN with backpropagation (BP) algorithm has been employed. The output of each neuron is connected only to the neurons of the next layer in feed forward ANN. Inputs and outputs have been normalized in the range of 0-1. Hidden layer with a nonlinear transfer function authorizes the ANN to learn linear or nonlinear relations between the outputs and inputs (Shojaeefard et al., 2013 
To obtain a network with the best generalization MRE should be minimized. Values of MRE were determined for many different ANN. The optimal architecture of the network was constructed as 3-6-4NN and both the activation functions in hidden layer and output layer were "log-sigmoid". Schematic of this ANN is presented in Fig. 1 . MATLAB software was applied in all the stages of model development (training, testing) of the ANN. The ANN was trained using "Levenberg-Marquardt optimization" learning algorithm.
Multi-objective optimization problem
Pareto solutions. In many tasks, we have to do with multiple criteria at the same time more and more frequently. In such situations, we say that it is an issue of multi-objective optimization or polyoptimization. These problems have been of interest to scientists applying traditional optimization and search techniques for a long time. One of the classic methods is the weighted objectives method where individual objective functions are combined to form a single objective function F
where weights w i ∈[ ] 0 1 , and
Other weight vectors give other Pareto optimum solutions.
In the case of the multi-objective optimization, the concept of an optimum solution is not as obvious as in the case of a single objective. If we do not agree in advance to compare the values of different objectives (e.g. apples and pears) we will have to suggest a definition of optimality that respects the integrity of each of them. Such an approach is called the Pareto optimality. It is convenient to classify possible solutions to multi-objective optimization tasks as dominated and non-dominated (Pareto optimal) solutions. Solution x is dominated if there exists a permitted solution y not worse than x in all the ordinates, i.e. for all objectives
If the solution is not dominated by any other permitted solution it shall be called a non-dominated (Pareto optimal) solution. All Pareto optimal solutions can be valid (Michalewicz, 1999) . The main idea applied in the Vector Evaluated Genetic Algorithm (VEGA) was developed by involving the division of a population into subpopulations of the same size. Each of them was responsible for one objective. Fonseca and Fleming (1993) published a review of evolutionary algorithms applied to the multi-objective optimization. In the review, the authors described both the methods combining many objective functions into a single objective one and stating a single value and methods taking Pareto optimality into account and stating the set of values.
Optimization using Multi-objective Genetic Algorithms (MOGA).
Multi-objective optimization (MOO) has not been often applied in the food industry (Abakarov et al., 2009 ). One of the earliest studies concerned with the application of MOO was the flow pattern in a multi-effect evaporator system (Nishitani and Kunugita, 1979) . Many papers on MOO have been published, and a variety of applications were proposed for the food industry sector (Therdthai et al., 2002; Erdogdu and Balaban, 2003; Gergely et al., 2003; Hadiyanto et al., 2009 ). MOGA uses a controlled elitist genetic algorithm (a variant of Non-dominated Sorting Genetic Algorithm II (NSGA-II)). An elitist GA always favours chromosomes with better fitness value (rank). A controlled elitist GA also favours chromosomes that can help increase the diversity of the population (even if they have a lower fitness value). It is very important to maintain the diversity of population for convergence to an optimal Pareto front. Two options in Matlab Toolbox: "ParetoFraction" and "DistanceFcn" control the elitism. "ParetoFraction" limits the number of chromosomes on the Pareto front (elite members). The distance function "DistanceFcn", helps to maintain diversity on a front by favouring chromosomes that are relatively far away on the front. The algorithm stops, when the spread (a measure of the movement of the Pareto front) is small (Kalyanmoy, 2001) .
RESULTS AND DISCUSSION
Artificial Neural Network
Sixteen and four patterns of the experimental results were employed to train and testing the NN, respectively. The correlation coefficient (R 2 ) between the experimental and predicted values was calculated. The ANN prediction of drying and rehydration parameters follows the experimental results very closely and the developed neural network can accurately predict the quality of rehydrated product. The values of R 2 for CD, VR, WAC, and DML at the training and testing stages were 0.999987, 0.99999, 0.99997, and 0.999021, respectively. Therefore, it is possible to predict the CD, VR, WAC, and DML without carrying out the experiment.
Mathematical formulations
Hidden and output layers with a "logsig" (sigmoid curve) transfer function:
where x is the weighted sum of the input, were used for the prediction of rehydrated product quality (CD, VR, WAC, DML). 
where F (i=1, 2, 3,…, 6) was determined applying
and W 1 -W 6 can be determined as follows:
Constants, D ji in Eq. (20) are shown in Table 1 
Procedure of MOGA
The design variables (expressed by real number) are converted to binary number. Each binary string is looked as an individual. The algorithm consists of ten steps: 1. The chromosomes (initial population) are produced randomly. 2. The fitness of each chromosome is evaluated by objective functions. Pareto ranking method is applied for determining the fitness value by following way: -setting all chromosomes initial ranking equal to 1, -evaluating all the chromosomes by one of the objective functions (such as Objf) and finding chromosomes whose objective function value is minimized of all chromosomes and then set the Pareto ranking of the chromosomes equal to an integer k (k initial =1), -getting rid of the chromosomes equal to k and set others equal to k+1, -the up two steps are continued until all of the chromosomes have their own Pareto ranking. Then the fitness value of each individual is a reciprocal number of their own Pareto ranking (Wei and Yuying, 2008) . 3. The chromosomes are baked up. 4. Two chromosomes adjacent to each other are grouped into one group (according to the sorting of chromosomes fitness value). 5. Crossover and mutation operation are performed (in each group). To replace parent chromosomes the child chromosomes are generated. 6. The new generated chromosomes and the original chromosomes are gathered into one group. 7. The operation is same with 2, but a different objective function should be used. 8. Selecting one half of the chromosomes having higher fitness than others. 9. Checking the termination condition the termination generation taken in this study: the algorithm is terminated (if satisfied) or the process returns to 3. 10. Pareto front solution.
Formulation of optimization task
The multi-objective optimization problem for the coupled process-performance problem seeks to minimize CD and DML and maximize VR and WAC subject to side constraints on the design variables. Discussed problem can be expressed mathematically as: 
To obtain a minimization problem for all the objectives, the VR and WAC are multiplied by -1.
Results of optimization
The optimization problem was solved using the MOGA toolbox in MATLAB (Fonseca and Fleming, 1993; Matlab, 2013) with an initial population size of 30. A random number generator (rng) was applied to establish the initial population within the specified bounds of the design variables (21). Details of the genetic algorithm options are following: population type -double vector; population size -30 number of variables; selection function -tournament size = 2; crossover rate -90%; crossover function -Intermediate; mutation function -Uniform; mutation rate -10%; Pareto front population fraction -0.8; number generations -400 number of variables; migration -forward. The tournament option was used to select the parents in each generation. The inter mediate crossover function (crossover fraction -80%) was applied. The function tolerance to stop the optimization procedure was set to 10 -6
. A stopping criterion was set at generation 500 (if the optimizer failed to converge). It turned out that after 125 GA generations, discussed optimization problem converged to the Pareto optimum set. Twenty four design points form the Pareto set with mentioned properties (Table 2 ). The Pareto set from Table 2 was sorted ranging from the best to the worst for each response. It enabled the identification of the best design for the individual responses and of level of conflict/agreement among them.
The best solution for the individual responses in terms of CD is that at ID No. 3 (CD=1.20) but the best solution in terms of VR and WAC are those at ID No. 1 (VR=53.2%) and ID No. 6 (WAC=0.57), respectively. The Pareto set is presented separately in process and performance criteria subspaces, to show the non-dominated points forming the two-dimensional Pareto frontier (Fig. 2) . The best solution (circled) only exists between CD and VR ( Fig.2a) , CD and WAC (Fig. 2b) , and VR and WAC (Fig. 2c) . For these figures (taking into account the smallest value of CD) the optimum values of process variables, obtained by MOGA algorithm were: 50.1°C for air drying temperature, 0.03 m⋅s -1 for air drying velocity, and 67.3°C for rehydration temperature. For apple dried and next rehydrated at these conditions, the values of CD, VR and WAC were predicted as 1.34, 53.2% and 0.57 respectively (see ID=1 in Table 2 ). No solution point in the Pareto optimal set was found where all the considered functions (minimum CD and DML, and maximum VR and WAC) simultaneously attained their optimum values. Such a situation applies mainly to DML. The improvement of DML produces a deterioration in the other quality parameters (Figs. 2d-f ). In such a case the solution is formulated by set of nondominated solutions in Pareto sense, where the choice of one solution over the other depends on the requirements of the process engineers and suitable combination of variables can be se selected from the Pareto solutions with their preferences.
CONCLUSIONS
A novel multi-criteria optimization method was successfully applied to the drying and rehydration processes of apple tissue, where the simultaneous maximization of the volume ratio (VR) and water absorption capacity (WAC) and the minimization of colour difference (CD) and dry matter loss (DML) were considered.
The following conclusions were drawn from the investigations:
The training back-propagation algorithm was sufficient for predicting the quality of rehydrated apple for different drying and rehydration process. Using good approximating properties of ANN the mathematical formulas for determining the quality parameters of rehydrated apple: CD, VR, WAC, DML were obtained.
The multi-objective genetic algorithm has found the best solution only for three functions (CD, VR, WAC), where the optimum values of process variables, obtained by algorithm were: 50.1°C for air drying temperature (T d ), 0.03 m⋅s -1 for air drying velocity (V), and 67.5°C for rehydration temperature (T r ). The values of CD, VR and WAC for apple, dried and next rehydrated at these conditions, were predicted as 1.20, 53.2% and 0.57 respectively. Conflicting relations between all the objective functions of rehydration process quality has always been noticed. It is almost impossible to find the solution that simultaneously optimize the considered quality parameters of rehydrated apple.
There are several reasons to continue this research. For example other parameters of pretreatment before drying, drying itself and rehydration and other parameters defining the quality of the obtained product can be taken into account. 
